Abstract-Lateral rigidity is a great issue in the view of structural analysis in civil engineering applications such as production of buildings, bridges, dams and roads. Furthermore, the connection properties have a remarkable role on the lateral rigidity and the tendency of structures under service loads. In fact, there aren't any structures with perfectly rigid connections between beams and columns. Therefore, all connections performed by construction process can be defined as semi-rigid as, especially connections in steel structures. The effect of connection type on the lateral rigidity values of structures can be determined by reducing coefficients decreasing lateral rigidity with a certain extent. In the scope of this study, connection flexibility is modeled by linear elastic rotational springs for semi-rigid frames. The reducing coefficients are determined by using a computer program. Results are compared to the values predicted by artificial neural network (ANN) analyses. A strong relationship was established between calculated and predicted values.
INTRODUCTION
In engineering aspects, the knowledge of geometry and mass of a structure and its beam-to-column connection model brings civil and structural engineers to simulate the real behavior under service loads. In conventional design purposes; structures are designed as having rigid connections. Thus the behavior of connections is not rigid.
Structural frames having such flexible connections in which connection flexibility become more important are called semi-rigid frames. Semi-rigid frames are frames for which the beam-to-column joints are neither pinned nor rigid [1] . In reality all frames are semi-rigid, because there is not a frame which has truly pinned and perfectly rigid connections.
In fact, most connections in real steel structures are more or less flexible or semi-rigid. It has been proven so by numerous experimental investigations for frames with semi-rigid connections; that have been carried out in the past [2] [3] [4] .
Structural tendency of frames with semi-rigid connections may be significantly different from rigidly connected frames, particularly those subjected to strong earthquake excitations. Hence the conventional methods of analysis and design of frame structures with ideal connections (fully rigid or pinned) are inadequate, as these often cannot represent real structural behavior. Furthermore, as it is obtained from experimental observations, all beam-column connections were used in current practice possess some stiffness that falls between the two extreme cases of fully rigid and ideally pinned [5] . Thus, the real connections in steel frames should be treated as 'semi-rigid' connections. In the past 20 years, a large number of studies have been conducted on bare steel connections and composite connections [5] [6] [7] [8] [9] [10] [11] .
By the way, results of theoretical or experimental studies are explained by using some mathematical and numerical methods. Artificial neural network (ANN) analysis is one of these methods. According to the development of computers and software, neural network techniques are considered to use more effectively for simplification of complex problems with large number of computations. ANN analysis is very effective on approximating of structural analysis results in some applications such as optimization. In the scope of this study, the reducing coefficients for lateral rigidity values are predicted by using ANN analysis.
SEMI-RIGID FRAME MODEL AND DETERMINING REDUCING COEFFICIENTS
The semi-rigid frame model proposed in the present study is one-story frame (Fig. 1.) . This model includes a beam with moment of inertia I b and length L, and two columns with moment of inertia I c , length h and cross-section A c . The modulus of elasticity E is the same in all frame elements. Fig.1 . Semi-rigid frame model [12] The connections are assigned as rotational springs at beam-to-column joints. All deformations are incorporated in this study. Rigidity at the ends of frame element c a n b e d e f i n e d by the term of rigidity index. For a connection with hinge, rigidity index is zero, and flexural moments do not occur at the ends of a frame element. For a rigid connection, this value is infinite, and flexural moments occur at the ends of a frame element [13] . Flexural moments at the two ends for a frame element, with spring coefficients represented by C j and C k .
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where M jf and M kf are flexural moments, respectively, at j and k ends of a frame element ,  j and  k are rotations, occurred by rotational springs.
The relationship between spring coefficients and rigidity index can be determined as below, where R j and R k are rigidity index at two ends of a frame element, respectively. Furthermore, Displacements such as rotations at two ends and axial displacement of a semi-rigid frame element are shown in Fig.2 . .  jyr and  kyr are total rotations at two ends of a semi-rigid element,  jf ve  kf are rotations occurred without rotational springs at two ends of a semi-rigid element, respectively. j   and k   can be written by using equation (1) and equation (2).
Fig.2.
Displacements of a semi-rigid frame element [14] 
Using rotational springs, the stiffness matrix relating rigidity index at the ends is given by equation (4) 
The stiffness matrix of a semi-rigid column element in Fig.1 . can be written by (5) where ; 
The stiffness matrix of a semi-rigid beam element in Fig.1 . can be written by
The structure stiffness matrix is obtained by assembling the column and beam stiffness matrices described above according to conventional stiffness matrix analysis procedure. One obtains a 6x6 stiffness matrix for the frame of Fig.3 . Solving the above matrix equation for displacements except  and back substituting the result into the first row, the single degree of freedom system stiffness relationship can be written as [15]  
where  is the lateral displacement ,and F and  r are the lateral force and reducing coefficient respectively.
Fig.4. The reduced displacements

A R T I F I C I A L N E U R A L N E T W O R K
Artificial neural networks (ANN) are computing systems that simulate the biological neural systems of the human brain [16] . ANN is known as a complex system of the neurons that are connected each other with different influence level. It is composed of a large number of highly interconnected neurons working in unison to solve specific problems. The approach is based on biological models of the human brain's function, computation is modeled as a large network of interconnected simple processors and ANNs can be trained to recognize input patterns and produce appropriate output responses. The problems that have sufficient training data are suitable for ANN. Prediction of the complex problems and to evaluate new examples fastly are the mainly advantages of ANN.
The prevalent type of artificial neural network consists of three or more layers, including an input layer, an output layer and a number of hidden layers in which neurons are connected to each other with modifiable weighted interconnections. [17] (Fig.5 .) The ANN architecture is commonly referred to as a fully interconnected feed forward multilayer perceptron. In addition, there is a bias, which is only connected to neurons in the hidden and output layers with modifiable weighted connections. The number of neurons in each layer may vary depending on the problem. [18] Neural Networks types are widely used for engineering problems. [19] [20] [21] The most widely used neural network learning algorithm is the Back Propagation. This is due to its relatively simplicity, together with its universal approximation capacity. [22] The Back Propagation algorithm defines a systematic way to update the synaptic weights of multi-layer feed forward supervised networks composed of an input layer, that receives the input values, an output layer, which calculates the neural network output, and one or more intermediary layers, so called hidden layers. The back propagation supervised learning process is based on the gradient descent method that usually minimizes the sum of squared errors between the target value and the output of the neural network. [23] 
N U M E R I C A L A N A L Y S I S
In this study, a multilayer feed forward neural network was used. The study is concerned with the prediction of the reducing coefficients of semi-rigid frames using ANN. The database of ANN model was obtained with the formulas that were as mentioned above. The database includes 268 data for training and 67 data for testing the network. Some of the data which used for training and testing set are given in Table ( 1-3) . The most convenient architecture of network was determined as 4-7-1 after trials. The network consists of input layer, single hidden layer and one output layer. Four neurons in input layer, seven neurons in hidden layer and one neuron in output layer take place in architecture of network. Input parameters of the network are; C j-k ( spring coefficients) , Ib / Ic (ratio of inertia) , L ( length of the beams) and h ( length of the columns). On the other hand output parameter of the network is  (reducing coefficient values). Inputs and outputs are normalized in the (0-1) range by using simple normalization methods. Scaled Conjugate Gradient (SCG) was used as the learning algorithm. In order to find out the optimum result, 1000 iterations were performed. The performance of training and testing sets of the ANN are given in Fig.6 . and Fig.7 . As can be seen, the correlation factor for both sets is quite high, which proves the high accuracy of the ANN model with the same trend in the literature [15] Performance of Training Set 
CONCLUSION
In the scope of this study, effects of connection properties of semi-rigid frames on the lateral rigidity values with respect to reducing coefficients are taken into account. The reducing coefficients are determined. Indeed, artificial neural network analysis, being one of the mathematical and numerical methods providing the definition and simulation of the results obtained by both theatrical and experimental studies, is used in order to predict these reducing coefficient values.
The connection flexibility was modeled by linear elastic rotational springs. A computer program by using Matlab was written to obtain the reducing coefficients for the proposed model. Flexible connections were located at the intersection of beam and column. Three different spring coefficients were used in the study. As the linear elastic rotational spring coefficients increase, the lateral rigidity also increases.
The reducing coefficients calculated by the theoretical methods were tried to be predicted by using ANN. The input and output data were normalized between the range of 0 to 1, in the first step of the ANN analysis. The values predicted by ANN analysis were compared to the values calculated by theoretical method. A strong relationship was established between calculated and predicted values. The correlation coefficient values were determined R=0,9564 and R=0,9873 for training and test process, respectively.
